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Abstract
Mechanisms of host-parasite co-adaptation have long been of interest in evolutionary biology; however, determining the
genetic basis of parasite resistance has been challenging. Current advances in genome technologies provide new
opportunities for obtaining a genome-scale view of the action of parasite-driven natural selection in wild populations and
thus facilitate the search for specific genomic regions underlying inter-population differences in pathogen response.
European populations of Atlantic salmon (Salmo salar L.) exhibit natural variance in susceptibility levels to the ectoparasite
Gyrodactylus salaris Malmberg 1957, ranging from resistance to extreme susceptibility, and are therefore a good model for
studying the evolution of virulence and resistance. However, distinguishing the molecular signatures of genetic drift and
environment-associated selection in small populations such as land-locked Atlantic salmon populations presents a
challenge, specifically in the search for pathogen-driven selection. We used a novel genome-scan analysis approach that
enabled us to i) identify signals of selection in salmon populations affected by varying levels of genetic drift and ii) separate
potentially selected loci into the categories of pathogen (G. salaris)-driven selection and selection acting upon other
environmental characteristics. A total of 4631 single nucleotide polymorphisms (SNPs) were screened in Atlantic salmon
from 12 different northern European populations. We identified three genomic regions potentially affected by parasite-
driven selection, as well as three regions presumably affected by salinity-driven directional selection. Functional annotation
of candidate SNPs is consistent with the role of the detected genomic regions in immune defence and, implicitly, in
osmoregulation. These results provide new insights into the genetic basis of pathogen susceptibility in Atlantic salmon and
will enable future searches for the specific genes involved.
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Introduction
Parasites are considered to be among the strongest selective
forces driving the evolution of host populations (reviewed by [1,2]).
The efficiency of the host response following exposure to a novel
pathogen can vary considerably [3,4] and can even result in local
extinction [5]. Moreover, the formation of host defence may follow
different evolutionary strategies and take the form of either
resistance (decreases parasite fitness) or tolerance (increases the
ability to cope with parasite-induced diseases), and thus, different
strategies of host defense can have different effects on parasite
virulence [6,7]. Given that novel pathogens tend to increasingly
emerge in natural populations due to environmental changes [8]
and human-related activities [9], understanding the mechanisms
underlying the formation of host adaptation is of utmost
importance. Nevertheless, revealing the genetic basis of the
evolution of pathogen resistance or tolerance is still challenging.
During recent decades, the major histocompatibility complex
(MHC) genes have been a target of studies focused on investigating
how natural selection can facilitate adaptive immune response at
the gene level in vertebrates (rev. by [10,11]). However, a much
broader range of immune-relevant loci may also be important
[12,13]. Recent developments in genomic technologies have
enabled genome-wide scale approaches for the identification of
genes and gene networks affected by natural selection [14–16].
These approaches have been also used in the immunological
research of wild species, including salmon microarray studies (see
below).
Due to their commercial importance and their increasing
significance in aquaculture, Atlantic salmon have been the target
of considerable research, including a considerable focus on the
molecular basis of aquaculture strain response to various diseases
that have emerged in hatchery facilities (e.g. [17]). This research
includes studies on the genetic basis of resistance to infectious
pancreatic necrosis [18–20], anaemia virus [21,22] and furuncu-
losis-causing bacteria Aeromonas salmonicida [17,23,24], with a focus
on MHC diversity. Another line of research has focused on the
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molecular response to acute pathogen exposure at the RNA level
using Atlantic salmon cDNA microarray data [25–27]. However,
studies of the evolutionary responses of wild populations to novel
pathogen exposure at a genome-wide scale are sorely lacking, not
just in Atlantic salmon but in wild species in general.
One of the most remarkable examples of the evolution of
tolerance and/or resistance to a potentially harmful parasite has
been observed in Atlantic salmon (Salmo salar), with populations
differing widely in their susceptibility to the monogenean
ectoparasite Gyrodactylus salaris. Stocking of salmon originating
from one basin to another has inadvertently exposed numerous
populations of Atlantic salmon in Norway and one population in
Russia to this ectoparasite and subsequently decimated them (rev.
by [28]). Subsequent investigations have indicated that Atlantic
Ocean basin populations, including Barents Sea, White Sea and
Norwegian coast populations, are susceptible to G. salaris, with
mortality rates of up to 95% being commonly reported [29]. In
contrast, salmon from the Baltic Sea basin naturally coexist with
the parasite and show moderate resistance, with approximately
20% of fish being infected [30] but having little or no negative
effect on the host [31]. Further, landlocked populations from large
lakes in northwest Russia are almost completely resistant, with
low-level infections being observed in just 1% of fish [30].
The tolerance and near-resistance of Baltic and landlocked
populations is thought to have evolved as a result of the different
recolonization routes in northern Europe after the last glacial
maximum. During the retreat of the Scandinavian Ice Sheet from
its last Weichselian maximum (17,000-15,000 years ago), large
freshwater reservoirs began to form [32]. Lake Onega was formed
among the first, approximately 13,000 ya, followed by the Baltic
Ice Lake, the predecessor of the modern Baltic Sea and Lake
Ladoga [32,33]. The resistant Onega and Ladoga lake populations
were colonised by salmon that have been coevolving with the
parasite in the eastern freshwater refugium for up to 132,000 years
[30]. Modern tolerant Baltic salmon mostly descended from the
same refugium, but possibly was supplemented with gene flow
from Atlantic Ocean populations when the Baltic Sea gained its
current form. Finally, highly susceptible salmon from the Barents
and White Seas were not exposed to G. salaris until very recently
[34–36]. One exception to this general scenario appears to be a
single land-locked population of Pistojoki river (lake V. Kuito),
which exhibits G. salaris resistance and is thought to be most closely
related to the White Sea Atlantic salmon lineage [37].
The gradient in G. salaris resistance observed in north European
Atlantic salmon offers an opportunity to use an evolutionary
approach to study the genetic basis of parasite resistance. This,
combined with the availability of an Atlantic salmon SNP chip
[38], allows application of a genome scan approach to detect
signatures of G. salaris-induced selection in the Atlantic salmon
genome via approaches such as hitchhiking mapping [39]. Under
a scenario of strong directional selection, which we assume to be
the case in pathogen-threatened populations, the frequency of
advantageous alleles and linked sites increases along with a
simultaneous reduction in variability, a process known as a
selective sweep (rev. by [40]). If the target of the selection pressure
is different in the studied populations, then along with a reduction
of variability within the population, genetic divergence between
populations would increase: loci subject to directional selection
would show larger differences between populations compared to
non-selected loci [41]. Hitchhiking has proved to be a powerful
method for identifying or strengthening candidate genomic regions
in a broad range of species (e.g., zebrafish [42], threespine
sticklebacks [43], dogs [44], human [45]). Importantly, the
described approaches are suitable for detecting selection that has
occurred up to 3,200 generations ago [46], which for Atlantic
salmon would be approximately 13,000 years before present:
precisely the timing of post-glacial selection.
There are, however, several challenges for detecting G. salaris-
induced selection in Atlantic salmon populations. First, earlier
research has indicated that Russian landlocked salmon popula-
tions, i.e., those with the highest level of G. salaris resistance, have
relatively low population sizes and are hence strongly affected by
genetic drift [36,47]. Genetic drift can leave genomic ‘‘footprints’’
similar to natural selection, i.e., increased divergence and
decreased diversity, albeit at a genome-wide scale. Thus,
identification of signals of selection is expected to be more
challenging in populations with a small effective population size
[44,48]. Even though it is challenging to distinguish between
genomic signals of drift and selection, a promising approach is to
compare replicate events in search for a parallel signal: in contrast
to directional selection, one would not expect drift to cause the
same patterns multiple times in independent comparisons.
A second challenge for detecting G. salaris-induced selection in
north European salmon populations results from the fact that the
G. salaris resistance gradient co-varies with several environmental
gradients, one of the most prominent being salinity [13].
Therefore, distinguishing between the selective effects of G. salaris
exposure and, e.g., salinity tolerance may be difficult. However,
the phylogeographic history of the populations in the region
enables the design of specific comparisons to potentially separate
the signals of these alternative selective forces.
In this study, we used a novel genome-scan analysis approach
aimed at i) identifying signals of selection in salmon populations
affected by varying levels of genetic drift and ii) separating the
potentially selected loci into those affected by pathogen (G. salaris)-
driven selection and selection acting upon other environmental
characteristics.
Materials and Methods
Ethics statement
Samples used in this study were obtained according to relevant
national legislations and have been described previously [37].
Sampled populations
A total of 472 Atlantic salmon individuals representing 12 north
European populations (Table 1, Figure 1) were included in the
analysis. Population samples generally consisted of one to three
year old parr, electrofished from a single river stretch of 100 –
150 m2 at one time point between the years 1997 and 2005. Fin
tissue was stored in 96.5% ethanol for subsequent DNA extraction.
The sampled populations belong to different basins: the Barents
and White Seas (marine), the Baltic Sea (brackish) and landlocked
lakes (freshwater); and they represent different susceptibility levels
to the parasite G. salaris (Table 1).
Sample preparation, SNP genotyping and data filtering
The SNP data analysed here are a sub-set of data that have
been described previously in Bourret et al. ([37], Dryad accession
number doi: 10.5061/dryad.gm367). Briefly, DNA was extracted
from fin tissue using NucleoSpin Tissue (Macherey Nagel)
columns, a salt-based protocol [49], or using vacuum extraction
with glass beads (as in [50], with slight modifications). Salmon
individuals were genotyped using an Atlantic salmon Illumina
iSelect SNP chip [38] that successfully assayed 6176 SNPs. The
number of SNPs per chromosome varied from 46 (chromosome 8)
to 333 (chromosome 1), averaging 160. SNP genotyping and
quality control procedures were as in [37]. We conducted
Parasite-Driven Evolution in Atlantic Salmon
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additional filtering of the data using PLINK 1.07 [51] to eliminate
SNPs with .10% missing data (2 SNPs), and SNPs exhibiting a
minor allele frequency ,0.05 across all populations (1543 SNPs);
after filtering 4631 SNPs from 29 linkage groups remained. The
existing female Atlantic salmon linkage map [38], which is
2127 cM in length, was used for assigning SNP map locations.
The relative levels of population genetic diversity and divergence
estimated using the SNP chip are well in line with estimates based
on microsatellites in the same populations [47,52] and therefore it
is unlikely that ascertainment bias has had a large effect.
Population genetics statistics
Basic population genetic parameters were calculated using
PowerMarker 3.25 [53] and Arlequin 3.5 [54]. Analysis of
molecular variance (AMOVA) was used to partition the within-
population, between-population and between-group components
of genetic variation and was also performed using Arlequin 3.5.
Detecting loci under selection
As noted above, distinguishing between the molecular signa-
tures of genetic drift and natural selection, and subsequent
separation of the signatures of parasite-driven selection from
selection acting upon other environmental factors is not straight-
forward. We therefore developed a novel analysis approach based
on multiple tests for selection involving several combinations of
populations that vary in geographic location and susceptibility to
the parasite. These multiple tests hereafter will be referred as
‘‘designs’’ (summarised in Table 2, Figure 2). We assume that the
strongest selective force after G. salaris presence is salinity of the
basin fish migrates to [13]. By identifying loci detected as outliers
in several analysis designs, i.e., overlapping loci, we aimed to avoid
the detection of false positives and to pinpoint genomic regions
that have a higher probability of being affected by either parasite-
driven or salinity-driven selection.
Designs 1 – 3: Candidate genome region approach. We
first identified groups of adjacent markers that deviated from the
chromosome-wide average levels of divergence (FST) or diversity
(GD) and hence represent genomic regions potentially subjected to
natural selection [46]. SNP locus map positions were taken from
[38], and analyses generally followed those outlined in Hohenlohe
et al. [43] and Vaysse et al. [44]. More specifically, locus-specific
FST values were first calculated using the approach described by
Weir and Cockerham [55] and implemented in Arlequin 3.5.
Locus-specific genetic diversity (GD) was estimated as expected
heterozygosity using PowerMarker 3.25 software. To generate a
smooth chromosome-wide distribution of the statistics, we used a
kernel-smoothing moving average, as applied in the ‘‘locpoly’’
function included in the KernSmooth R-package [56]. For each
genomic region centred on a certain centiMorgan (cM) position,
the contribution of the FST or GD statistics to the regional average
was estimated using local polynomials and a bandwidth of 3.5 cM
(the half-length of estimated linkage disequilibrium in the dataset).
The width proved to be appropriate to reduce sampling variance
while being small enough to detect narrow regions of differenti-
ation (data not shown). A permutation procedure (with 10,000
permutations) was performed to statistically test whether the
smoothed curve was significantly (P # 0.01) higher or lower than
expected by chance within a local genome region. This candidate
genomic region approach was applied to the following population
comparisons.
Figure 1. Map of northern Europe indicating the study populations: anadromous Atlantic Ocean, G. salaris susceptible (red);
anadromous Baltic, moderately resistant (blue); landlocked, resistant to the parasite (green).
doi:10.1371/journal.pone.0091672.g001
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Design 1 focused on completely Gyrodactylus-resistant landlocked
populations (LL_PIS, LL_PYA, LL_SYS). Despite the very low
genetic diversity in these populations (e.g. [36,47]), regions with
significantly reduced genetic diversity between populations may be
the result of selection, as explored in the study of domestic dog
breeds [44] and therefore identification of genomics regions with
significantly reduced genetic diversity may be a fruitful approach
for detecting signals of selection. The genetic diversity distribution,
based on expected heterozygosity per SNP, was assessed in all
three populations using the kernel smoothing approach outlined
above, and when reduced GD was observed in at least one
population the region was considered to be a candidate that is
potentially under directional selection.
Designs 2 and 3 focused on comparisons between two
landlocked lakes (Ladoga and Onega) and either populations
from the Barents Sea (design 2) or from the Baltic Sea (design
3). When compared to populations from landlocked lakes, Barents
and Baltic Sea salmon populations differ in their phylogeographic
history and vary in their relative response to the parasite, salinity of
the basin and, possibly, other environmental characteristics;
therefore these designs may help to disentangle the effects. The
landlocked population, V. Kuito lake (LL_PIS), was excluded from
these designs as it originates from a different glacial refugium than
the other landlocked populations [36,37]. For both design 2 and 3
we identified regions with elevated FST by conducting six pair-wise
population comparisons: design 2) between Ladoga (LL_SYS) &
Onega (LL_PYA) and three Barents Sea populations (B_TUL,
B_LEB, BW_YAP), and design 3) between Ladoga (LL_SYS) &
Onega (LL_PYA) and Baltic Sea populations (BA_TOR, BA_
VIN, BA_KUN). In each case, regions were identified as
potentially under directional selection when elevated FST was
observed in a particular genomic region for at least two
comparisons out of six, with the additional criterion that both
LL_SYS and LL_PYA should be represented in the significant
comparisons. This ensured that observed elevations in FST
statistics were not artefacts of a high genetic drift in a single
landlocked population. Populations from the White Sea were not
included in Design 2 in order to avoid a skew in number of
individual tests between designs 2 and 3.
Design 4. Single-outlier test. To detect the potential effects
of selection on a regional scale, we applied an FCT - based
‘‘outlier’’ test that accounts for hierarchical population structure
[41], as implemented in Arlequin 3.5. Outlier loci are detected
based on differentiation among groups of populations (FCT),
controlled for heterozygosity of the loci. The expected distribution
of FCT values was obtained by 50,000 coalescent simulations, and
loci falling outside the upper boundary of the 0.95 confidence
interval were considered to be potentially affected by directional
selection.
The hierarchical structure was formed based on the G. salaris
susceptibility levels. Populations were combined into three groups:
susceptible Atlantic Ocean (B_TUL, B_LEB, BW_YAP, W_EMT,
W_SUM, W_PON), tolerant Baltic Sea (BA_TOR, BA_VIN,
BA_KUN), and resistant landlocked populations (LL_PIS,
LL_PYA, LL_SYS). Three pair-wise outlier tests were performed:
design 4a) Atlantic group vs. landlocked, 4b) Atlantic vs. Baltic,
4c) Baltic vs. landlocked. Resulting single SNPs outliers could
further be separated into a category of SNPs influenced by parasite
Table 1. Population information: regional grouping, G. salaris-induced mortality level, salinity of the basin river flows to, mean
water temperature, number of individuals (N), average call rate per population (CR), gene diversity (GD) and observed
heterozygosity (HO).
Basin Population
Population
abbreviation Coordinates
Mortality
(%)
Salinity
(July, %)
Mean water
temperature
(July, 6C) N CR GD HO
Landlocked
Lake Ladoga Syskyanjoki LL_SYS 61u38’N 31u16’E 0* 0 12{ 32 0.999 0.208 0.218
Lake Onega Pyalma LL_PYA 62u24’N 35u52’E 0* 0 12{ 40 0.998 0.176 0.181
V. Kuito Pistojoki LL_PIS 65u15’N 30u34’E 0* 0 12{ 40 0.997 0.181 0.189
Anadromous Baltic Sea
Gulf of Finland Kunda BA_KUN 59u31’N 26u32’E 10* 5’ 17,1˘ 40 0.999 0.245 0.252
Gulf of Bothnia Tornionjok BA_TOR 65u49’N 24u9’E 10* 3’ 16,1˘ 40 0.998 0.272 0.273
Gulf of Bothnia Vindela¨lven BA_VIN 63u44’N 20u19’E 10* 5’ 14,4˘ 40 0.998 0.267 0.270
Anadromous Atlantic Ocean
Barents Sea Tuloma B_TUL 68u53’N 33u0’E 98** 35, 7,5 ˘ 40 0.996 0.356 0.355
Barents Sea Lebyazhya (Ponoi) B_LEB 67u3’N 38u34’E 98** 35, 7,5 ˘ 40 0.998 0.340 0.345
Barents&White Sea Yapoma (Varzuga) BW_YAP 66u35’N 36u 9’E 98** 25’’ 15’’ 40 0.998 0.327 0.329
White Sea Emtsa (S.Dvina) W_EMT 63u32’N 41u52’E 98** 25’’ 15’’ 40 0.999 0.316 0.314
White Sea Suma W_SUM 64u17’N 35u24’E 98** 25’’ 15’’ 40 0.996 0.275 0.293
White Sea Pon’goma W_PON 65u20’N 34u24’E 98** 25’’ 15’’ 40 0.999 0.316 0.325
* G.salaris induced mortality level in the Atlantic salmon population. Based on (Kuusela et al. 2003, Bakke et al. 2002, 2004).
** Extrapolated from data of population from the Keret’ river, the White Sea basin (Kudersky et al. 2003) and Norwegian rivers (Johnsen & Jensen 1991), which have been
almost wiped out after introduction of the parasite.
’ http://www.itameriportaali.fi/en/tietoa/veden_liikkeet/en_GB/hydrografia/.
’’ http://www.itameriportaali.fi/en/muut_meret/en_GB/the_white_sea/.
, http://www.nodc.noaa.gov/OC5/barsea/barmap.html.
˘ http://water.travel.org.ua.
{http://www.nodc.noaa.gov/cgi-bin/OC5/SELECT/woaselect.pl.
doi:10.1371/journal.pone.0091672.t001
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and another category of SNPs influenced by salinity. To do so we
applied the following logic. Populations from the Atlantic group
are completely susceptible to G. salaris, whereas populations from
the Baltic and landlocked groups are, to some extent, similar in
their response to the parasite: with a certain level of effectiveness,
they are able to tolerate the pathogen [30]. Therefore, outliers
common for both 4a (Atlantic group vs. landlocked) and 4b
(Atlantic vs. Baltic) designs, but not found in 4c (Baltic vs.
landlocked), are considered more likely to be the result of parasite-
driven selection occurring in landlocked and Baltic populations.
Likewise, the Atlantic and Baltic groups both migrate to saline
environments (marine and brackish water), whereas landlocked
populations never experience a saline environment as they migrate
to freshwater lakes. Thus, we predict that outliers common for
both 4a (Atlantic group vs. landlocked) and 4c (Baltic vs.
landlocked) designs, but not for 4b (Atlantic vs. Baltic), are more
likely to be affected by salinity-driven selection in the Atlantic and
Baltic populations compared to the landlocked populations.
Combining information from several designs. The
genomic regions in which ‘‘footprints’’ of selection were detected
with each of designs 1–3 were compared identify overlaps in
selection footprints between the designs. Cases where the same
region was detected by at least two of the three designs were
highlighted as promising candidates that are potentially affected by
some form of selection. We then plotted outlier SNPs detected in
design 4 along the genome to relate the linkage map position of
these loci to the regions detected by designs 1 – 3. Genomic
regions highlighted as promising candidates potentially affected by
some form of selection in designs 1 – 3 and that also included
‘‘Parasite-influenced’’ outliers (common outliers from designs 4a
and 4b) were considered promising candidate regions that are
potentially affected by parasite-driven selection. The same logic
was applied for ‘‘Salinity-influenced’’ outliers (common outliers
from designs 4a and 4c) to identify genomic regions harbouring
signals consistent with salinity-driven selection.
Landscape genomics analysis
The methodological designs described above aim to target
parasite-driven selection by separating the ‘‘parasite’’ effect from
environmental effects, of which we assume salinity to be one of the
most prominent. To additionally test for associations between SNP
allele frequencies and other varying environmental characteristics,
the landscape genomics approach of Frichot et al. ([57])
implemented in LFMM (‘‘latent factor mixed models’’) software,
was applied. This method uses a hierarchical Bayesian mixed
model based on a variant of principal component analysis, and
accounts for residual population structure which is introduced via
unobserved or latent factors. The LFMM algorithm efficiently
estimates random effects due to population history and isolation-
by-distance, and does not require a control data set of a priori
neutral loci [57]. Genetic-environment correlation was tested for
the whole set of 4631 SNPs; environmental variables included
Figure 2. Analysis workflow and implementation of each of the methodological designs used.
doi:10.1371/journal.pone.0091672.g002
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population coordinates and mean surface water temperature, in
addition to estimates of G. salaris - induced mortality rate and
surface salinity of the basin. The number of latent factors required
for LFMM computations, which is the number of clusters best
describing structure of the original data, was set to 12. It equals to
the number of original populations in our dataset, which were
shown to be genetically distinct from each other previously
[36,37,52]. Absence of within-population structure was addition-
ally tested using STRUCTURE.2.3.4 [58] software. Bonferroni
correction for multiple tests was applied to significant SNPs.
SNP annotation and gene ontology enrichment analysis
Annotation of all 4631 SNPs to specific gene ontology (GO)
terms was performed using a customised python-based procedure
intended to maximise the number of successfully annotated
markers. Briefly, the general steps included tblastx and blastx
searches of SNPs flanking sequences against nucleotide and
protein NCBI databases with a 1610-10 e-value threshold followed
by subsequent collection of corresponding human GO identifiers
(as of 03.04.2012) from the GO database (www.geneontology.org).
For further enrichment and functional analysis, a more recent
version of the GO database (as of 08.10.2013) was used.
Enrichment analyses could only be conducted on the results of
tests that identified single SNP outliers, as opposed to genomic
regions i.e. design 4 and landscape genomics analysis. To
determine whether sets of parasite- and salinity-affected single
SNP outliers identified by design 4 and by landscape genomics
analysis were significantly enriched or depleted for particular GO
terms, a hypergeometric test for GO term over- and under-
representation was performed in Cytoscape 2.8.3. [59] using the
BiNGO 2.44 [60] plugin. For design 4, 58 GO terms associated
with annotated parasite-affected outliers and 47 GO terms
associated with annotated salinity-affected SNPs were investigated.
For landscape genomics analysis, the respective sets included 318
and 116 GO terms. As a reference set during the analysis we used
the annotations for all 2857 SNPs, for which any annotation was
available using the procedure outlined above. A significance level
of 0.05 and the Benjamini & Hochberg false discovery rate
correction were applied. The same enrichment/depletion analysis
was performed using a version of GO database with reduced
redundancy (Generic GO slim, 09.10.2013), in order to obtain an
additional generalized overview of possible functions ‘‘shared’’ by
the studied GO terms and respective SNP outliers.
Functional relatedness of GO terms included in the ‘‘parasite’’
and ‘‘salinity’’ lists of outliers resulting both from design 4 and
landscape genomics analysis was assessed using the Cytoscape
plugin ClueGo1.7.1 [61], which constructs and compares
networks of functionally related GO terms, using human gene
ontology (08.10.2013). A two-sided hypergeometric test (enrich-
ment/depletion) was applied, network specificity was set to
‘medium’(as in [62]), and false discovery rate correction was
performed as above.
Results
Population genetic structure
Basic genetic statistics across populations and markers are
presented in Table 1, and locus-specific information is presented in
Table S1. Allele frequencies per SNP per population are presented
in File S1. As expected, landlocked populations were characterised
by the lowest values of observed heterozygosity (from 0.181
LL_PYA to 0.218 LL_SYS) and genetic diversity (from 0.176
LL_PYA to 0.209 LL_SYS). Anadromous Baltic Sea populations
had intermediate values of HO and GD (0.252 and 0.245 in
BA_KUN to 0.273 and 0.272 in BA_TOR, respectively), while
populations from the Barents and White Seas were the most
variable (from 0.293 and 0.275 (BW_SUM) to 0.355 and 0.356
(BW_TUL), respectively; Table 2).
All pair-wise comparisons showed highly significant levels of
population genetic differentiation (P,10-5, Table S2). The highest
FST values were observed within landlocked comparisons (from
0.32 LL_PYA vs. LL_SYS to 0.52 for LL_PYA vs. LL_PIS); Baltic
Sea comparisons varied between 0.08 (BA_TOR vs. BA_VIN) to
0.23 (BA_VIN vs. BA_KUN), while the Barents and White Sea
populations were the least differentiated: FST varied from 0.05
(BW_LEB vs. BW_TUL) to 0.18 (BW_SUM vs. BW_EMT).
An AMOVA analysis indicated a significant genetic variation
among and within geographic regions (Atlantic Ocean, Baltic Sea,
landlocked populations). Notably, the amount of genetic variation
explained by the within-region component (17.8%, P,, 0.01) is
higher than the variation explained by the among-region
component (9.6%, P,,0.01), indicating markedly high be-
tween-population differentiation within regions (Table S3).
Signatures of directional selection
Designs 1–3: Candidate genomic regions under
selection. Regarding reductions in gene diversity within the
landlocked populations (design 1: see Figure 3 for a single
population example), 27 regions across 18 chromosomes had
significantly reduced GD (Table 2, S4, S5; Figure 4). Comparisons
of lakes Ladoga and Onega versus three populations from Barents
Sea (design 2) or Baltic Sea (design 3) exhibited significant
differentiation at 7 regions across 7 chromosomes and 15 regions
from 13 chromosomes, respectively.
Design 4: Single locus selection test. Hierarchical genome
scans were performed in a pair-wise manner between geographic
regions to detect markers that are potentially under directional
selection. In total, 359 SNPs (7.7%) showed signals of selection
when comparing Atlantic vs. landlocked populations (design 4a),
394 (8.5%) in the Atlantic vs. Baltic comparison (design 4b), and
523 (11.3%) in the Baltic vs. landlocked test (design 4c) (Figure
2_2). Using the approach outlined in the Methods, 90 (1.9%) and
85 (1.8%) outliers were found consistent with parasite- and
salinity-driven selection, respectively. (Table S4, Figure 4).
Combined signals of selection. Results of all comparisons
in designs 1 – 3 were combined to identify genomic regions
suggested to be potentially affected by selection by at least two of
the three designs. In total, seven genomic regions were identified
(Figure 4): five regions in two comparisons out of three and two
regions in all three comparisons. We then identified specific loci
within these seven genomic regions that were also indicated to be
affected by either parasite- or salinity-driven selection in the single
locus selection tests (design 4). Three genomic regions potentially
affected by parasite- but not salinity-driven selection were
identified (chromosomes 10, 11, 23), and another three regions
potentially affected by salinity- but not parasite-driven selection
were also identified (chromosomes 4, 6, 9) based on combination
of signals from designs 1 – 4 (Tables 3, S4, S6; Figure 4).
Therefore, a total of six genomic regions were shown to be affected
by either parasite- or salinity- influenced selection, based on
designs 1 – 4. Along with parasite- and salinity- influenced outliers,
design 4 has identified a number of SNPs possibly affected by
other forms of directional selection.
Landscape genomics analysis
The number of SNPs significantly correlated with environmen-
tal characteristics varied considerably among the environmental
variables. The greatest number of SNPs (523) was correlated with
Parasite-Driven Evolution in Atlantic Salmon
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G. salaris-induced mortality, followed by the SNPs correlated with
longitude (193 SNPs), salinity of the basin (179 SNPs), latitude (10
SNPs), and water temperature (6 SNPs). The same SNPs were
frequently detected to be correlated with several environmental
characteristics, with salinity and G. salaris-induced mortality
associated with the same SNP on 124 occasions (Table 4, Figure
S1, Figure S2). Detailed information about significant SNPs is
presented in Table S4.
Annotation of outliers
A total of 2857 SNPs were successfully annotated (GO database
as of 05.04.2013) and used further for the enrichment tests (Table
S7). For design 4 (Arlequin3.5-based test), these included 58 of 90
identified parasite-affected outliers and 47 of 85 salinity affected
outliers. For landscape genomics analysis, 318 SNPs of the 523
parasite-correlated and 116 of the 179 salinity-correlated SNPs
were annotated (Table S8). For both the outliers identified with
design 4, and with the landscape genomic analysis, no significantly
Figure 3. Example of the results of a candidate region analysis (chromosome 23, design 1): search for regions of reduced genetic
diversity in landlocked populations. A. One of the three populations, LL_PYA. SNP GD values (black dots), kernel-smoothed distribution of GD
(black line) along the chromosome and the 99% confidence interval (area within grey lines) are shown. Distributions of logarithmically scaled p-values
for elevated (blue) and reduced (red) GD statistic are plotted below. B. Smoothed GD curves for all three populations. Horizontal bars indicate regions
of significant (p#0.01) reduction of GD. Vertical grey shading represents region which is significant in all three populations and which has been
considered further as one of a candidate regions under selection, detected by design 1.
doi:10.1371/journal.pone.0091672.g003
Parasite-Driven Evolution in Atlantic Salmon
PLOS ONE | www.plosone.org 8 March 2014 | Volume 9 | Issue 3 | e91672
over- or under-represented GO terms were detected after
correction for multiple testing using the complete GO database
(as of 08.10.2010), nor when using a reduced redundancy
GO_slim database (as of 09.10.2013) (Tables S9, S10).
Functional network analysis conducted on outliers identified by
design 4 however, grouped SNPs in the parasite- or salinity-driven
selection sets into three significant and non-overlapping functional
clusters (Table S11a). Terms in the first cluster included GO terms
associated exclusively with the salinity-driven selection SNP set
and were involved in functional processes associated with negative
regulation of the protein kinase B signalling cascade and renal
absorption. Clusters 2 and 3 were comprised solely of SNPs from
the parasite-driven selection SNP set and were functionally
involved in translation pre-initiation (cluster 2) and long-chain
fatty-acyl-CoA metabolism (cluster 3). GO terms associated with
significant SNPs from the landscape genomics analysis also divided
into clusters composed of parasite- and salinity- related terms,
though the number of actual functional processes each of the terms
was part of was much higher, most likely due to the large number
of SNPs in the analysis, making the results for these loci difficult to
interpret (Table S11b).
Discussion
The goal of this study was to reveal the genetic basis of Atlantic
salmon inter-population susceptibility differences to the parasite
Gyrodactulus salaris. We have identified a number of single SNP
markers and several regions in the Atlantic salmon genome
exhibiting signatures of directional selection. Based on the
comparison and combination of results from different tests and
methodological designs, we propose at least three genomic regions,
on chromosomes 10, 11 and 23, potentially contributing to
parasite resistance in Atlantic salmon and three regions, on
chromosomes 4, 6, 9, presumably influenced by salinity-driven
Figure 4. Final overlap of results based on all applied designs: genome-wide evidence of directional selection. Vertical coloured
shadings (green) show genomic regions, where two or three regions detected by kernel-smoothing-based designs overlap. ‘‘Parasite’’ (red) and
‘‘salinity’’ (blue) single outlier SNPs from design 4 are plotted as smaller vertical lines. Chromosome numbers are given, chromosomes bearing regions
exclusively containing ‘‘parasite outliers’’ are marked with red font colour, and ‘‘salinity outliers’’ - with blue.
doi:10.1371/journal.pone.0091672.g004
Table 3. Contribution of each methodological design to the
final sets of overlapping candidate regions, as marked with
‘‘x’’.
Candidate regions Designs
Selection force Chromosome 1 2 3
Parasite 10 x x
11 x x
23 x x
Salinity 4 x x x
6 x x
9 x x x
doi:10.1371/journal.pone.0091672.t003
Table 4. Results of the landscape genomics analysis (LFMM).
Environmental characteristics N of outliers
N of unique
outliers
Latitude 10 (0.2%) 5 (50%)
Longitude 193 (4.2%) 123 (63.7%)
Mean water temperature (July, uC) 6 (0.1%) 2 (33.3%)
Mortality (%) 523 (11.3%) 328 (62.7%)
Salinity (July, %) 179 (3.9%) 22 (12.3%)
N of outliers: number (and % from the total) of SNPs correlated with
environmental characteristics.
N of unique outliers: subset (and % from N of outliers) of SNPs which are
correlated only with a given characteristic.
doi:10.1371/journal.pone.0091672.t004
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selection.
The combination of the results of several tests has been applied
in a number of studies in order to strengthen the reliability of the
identification of genome regions that are potentially affected by
selection (e.g. [45,63–65]). The suggested advantage of such an
approach is that the final results are based on the combination of
several lines of evidence, and hence, the probability of Type I error
is reduced. In other words, different lines of evidence showing the
same (parallel) signal of selection are unlikely to be caused by drift.
In our study we used the existing female Atlantic salmon linkage
map [38], which is 2127 cM in length, to estimate how many
regions consistent with directional selection we would expect to
identify based on chance alone for a single test. Given that the
bandwidth we used for candidate-region kernel-smoothing detec-
tion was 3.5 cM, the whole genome can be divided into 607
3.5 cM regions. The probability of any given region being
identified as an outlier purely by chance is equal to the significance
threshold used in the analyses, i.e., 0.01. Therefore, on average,
6.07 regions per test are expected to be the result of a Type I error.
The number of candidate regions detected by single designs was
seven in design 2, 15 in design 3, and 27 in design 1. Therefore, at
least designs 1 and 3 are likely to have identified a number of
regions potentially affected by selection. The likelihood of
identifying the same genomic region in two tests purely by chance
is likely to be considerably lower. However, as the designs
implemented in this study are not completely independent it is not
possible to make an exact calculation. Given that the same
landlocked populations (lakes Ladoga and Onega) were included
in all three designs, specific genetic features of one or more of
those populations could potentially result in an increase in the
detection of (false) positives in more than one design for this
reason, rather than due to selection. On the other hand, as the
landlocked populations are the only populations known to be
totally resistant to G. salaris, there are no clear alternatives. That
said, we attempted to limit the potentially biasing effects of a single
landlocked population by only including outlier signals detected in
more than one landlocked population in designs 2 and 3 (Tables
S5, S6). Moreover, even though it should be treated with caution
[66], the functional network analysis provides further support to
the detected separation of parasite- and salinity-affected candidate
regions (see below). Nevertheless, as highlighted in earlier studies
[63,65], while support of multiple tests elevates the candidate
status of the loci/region, further analysis is required to determine
the role of the identified genomic regions in potential selective
processes.
As outlined in Methods, an assignment of the seven regions
detected with multiple designs to either parasite-or salinity-affected
modes of selection was based on results of the single outlier tests
(design 4). It has been proposed, however, that FST -based outliers
might not only be an outcome of natural selection but can also
indicate a presence of intrinsic barriers of gene flow, especially
when the existence of intrinsically incompatible alleles is coupled
with environmental or ecological constraints of gene flow [67].
This could also be the case in our study, resulting in some of the
detected selection-affected outliers being ‘‘false positives’’. Design
1, however, is based on the assumption of reduced population gene
diversity, rather than increased divergence, which allows us to
strengthen the candidacy of detected outliers: single FCT -based
outliers (Table S4) falling within the detected regions are likely to
be affected by directional selection. It can be argued, however,
that some of genomic regions and SNP outliers detected by designs
1 – 4 can be artefacts of non-selective forces such as population
history and e.g. reduced recombination [68]. Since all significant
regions identified with designs 2 – 4 comprise several populations
we consider them to be relatively robust to the abovementioned
caveats, however genome regions with low intra-population
diversity detected by design 1 may be more likely to be affected
by non-selective forces. However, little is currently known about
the recombination rate differences in fish genomes [69] and
therefore more thorough scrutiny of the reduced diversity test
awaits further research.
The fact that the candidate loci/regions were based on the
results of several tests may also explain the differences in our
results compared to those recently reported by Bourret et al. [37],
who conducted several tests to identify signals of parallel
adaptation in Atlantic salmon populations spanning their natural
distribution. Only one of the seven final candidate genomic
regions detected in our study (chr 11) was also identified by
Bourret et al., although several regions detected by only one of the
designs were described in the mentioned study. This could be due
to the more stringent criteria of our testing design and/or because
Bourret et al. included populations from across the whole
European distribution of the species in most outlier tests and
were thus looking for more general trends. More detailed
comparisons would be required to distinguish between these
alternatives.
Parasite-driven selection
At least three genomic regions affected by parasite-driven
selection have been identified in our study. Given the plausible
implication of these regions in the mechanisms of immune
response, our findings support the existing conception of polygenic
control of immunity in Atlantic salmon. Differential expression
studies in response to various pathogens including Aeromonas
salmonicida and G. salaris identified significant RNA expression
changes in up to 162 transcripts [70,71]. A subsequent assessment
of microsatellite loci identified in the untranslated regions of some
of these transcripts detected signals of selection in a number of loci
[13]. Although the associated markers were assigned to particular
linkage groups in some of the studies [21], the exact position of the
candidate loci is generally unknown. A QTL approach has also
earlier identified multiple genomic regions associated with G.
salaris-tolerance in Atlantic salmon involving a back-cross of
Scottish (G. salaris susceptible) and Baltic (G. salaris tolerant)
Atlantic salmon [72]. However, the identified genetic regions
associated with G. salaris resistance were different to those
highlighted by our study. Marker-trait associations in the Gilbey
et al. [72] study represented entire linkage groups [73]; thus, a
direct comparison of results is difficult. Furthermore, the fact that
our study also included resistant landlocked populations could also
explain the differences in results. Additionally, our study focused
on detecting signals of exclusively directional selection because
FST-based methods have a number of limitations if applied to
search for signals of balancing selection, including high rates of
false positives [41], the tendency to underestimate the differenti-
ation of polymorphic loci [74] and low power when using
simulated data sets [75]. Balancing selection, however, is thought
to be an important mechanism that maintains the diversity of
immune system-related loci such as those of the major histocom-
patibility complex (MHC; [2,76–78]). Therefore, some immune-
related loci, such as MHC genes, are not expected to be detected
by our analysis, in contrast to a QTL approach. Nevertheless,
MHC loci and immune-related genes can also be the target of
directional selection [79,80]. Therefore, given that pathogen
presence can cause strong directional selection [1,81], the fact that
some immune loci under balancing selection might have not been
identified by our analysis does not conflict with the primary aim of
Parasite-Driven Evolution in Atlantic Salmon
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the study to detect specific loci contributing to G. salaris resistance
in Atlantic salmon.
Functional network analysis of the design 4 ‘‘parasite’’
influenced outliers is consistent with an immune-related role for
these regions. However, caution is warranted because it is possible
that the observed signals of selection may be due to selection acting
on a tightly linked gene with a different function. Recently, the
potential dangers of ‘storytelling’ based on GO annotations has
also been cautioned [66]. Nevertheless, when applied responsibly,
it has been demonstrated that the GO can provide valuable
functional information in species with poorly annotated genomes,
such as salmonid fishes [82]. ‘‘Parasite-associated’’ GO terms
resulting from design 4 clustered in two functional groups (Table
S11a). The first group was united by two genes involved in
translation initiation, EIF3B and EIF3D (eukaryotic translation
initiation factors). IEF3 genes have been suggested to contribute to
increased translation rates during T lymphocyte activation
[83,84], as well as to play role in immunoreceptor signal
transduction [85], and early stages of HIV [86] and hepatitis C
[87] infection. The mentioned studies are human-based, yet
immune system of fish have analogues of T cells, and functional
similarities between immune system of fish and higher vertebrates
have been strongly suggested [88]. More generally, EIF3
translation initiation factors contribute to translational control of
a variety of stress responses in addition to pathogen challenge,
including osmotic stress, nutrient starvation, temperature stress
(rev. by [89]). The system is considered to be very conserved (rev.
by [90]) and is observed in a variety of organisms including green
alga [91], plants [92], yeast [93] and mammals [94], therefore its
precise role in Atlantic salmon populations studied here is still
open for discussion. The second functional group of design 4 -
based ‘‘parasite’’ GO terms were united by two genes involved in
fatty acids synthesis and elongation, FASN (fatty acid synthase)
and HSD17B12 (estradiol dehydrogenase). A substantial number
of studies on a range of mammals have shown that fatty acids,
especially n-3 and n-6 polyunsaturated fatty acids (PUFA), play a
crucial role in the formation of immune response; in experimental
studies, over-supplied PUFAs performed as anti-infection, anti-
malaria, anti-tuberculosis, and anti-fungal agents (rev. by [95–97]).
Balance between the n-3 and n-6 PUFAs is essential for the
regulation of inflammation and the functioning of immune cells
[98,99]. For instance, an excess of n-3 PUFAs leads to reductions
of secreted interleukin-1b (IL- 1b), interferon-a (IFN-a), and a
number of other cytokines, which subsequently lead to decreased
inflammation [100,101]. Interestingly, the dissimilarity in cyto-
kines produced in the first stage of inflammation was shown to be
the key difference in the way Atlantic salmon with different
susceptibility respond to G. salaris [102]. An experimental study
demonstrated that highly susceptible salmon from the east Atlantic
responded to G. salaris exposure by enhanced production of IL- 1b
and IFN-c cytokines and elevated proliferation of inflammatory
cells, which, in turn, triggers the proliferation of epithelial and
mucous cells that the parasite feeds on. Therefore, susceptible
salmon launch an immune response that might actually be
beneficial to the parasite [102,103]. Conversely, tolerant Baltic Sea
salmon respond to G. salaris infection later in time and with up-
regulation of genes encoding other molecules: IFN-c, T-cell
receptor-a and serum amyloid A [102]. Given the property of n-3
fatty acids to reduce a secretion of pro-inflammatory IL-1b, their
activity might be especially beneficial during the early stages of G.
salaris-mediated immune response, when, according to Kania et al.
[102], decreased inflammation and mucus formation would have a
negative impact on parasite survival. From this perspective, the
fact that ‘‘parasite-associated‘‘ GO terms clustered into a
functional network united by fatty acid metabolism brings
additional evidence of fatty acid involvement in immune response
and supports the notion of a broad range of molecules being
immune-relevant [12,13]. We also consider the n-3 polyunsatu-
rated fatty acids to be good candidates for agents underlying the
effective immune response performed by tolerant Atlantic salmon
in response to G. salaris infection. G. salaris, like other parasitic
flatworms, ([104], Aisala & Lumme, in preparation) lacks the
enzymes for de novo synthesis of the fatty acids, but has a collection
of enzymes needed in transporting, lengthening and processing
them; the dependency on the host for fatty acid synthesis might be
a key to understanding the role of the above observations.
However, acclimation to salinity was also shown to alter
composition of PUFAs, e.g. in tilapia, Oreochromis mossambicus,
[105], and two mullet species (Chelon labrosus and Mugil cephalus)
[106,107], which was suggested to be due to the substantial
energetic demands preceding activation of acclimation processes
[106]. Thus, it appears that studies addressing the role of lipid
metabolism in terms of fish osmoregulation have not reached a
consensus as the data are contradictory (rev. by [108]). Addition-
ally, fatty acids composition in the cell membrane can affect its
fluidity and consequently have an effect on velocity of Na+/K+
ion pumps, which is one of the mechanisms of acclimation to water
temperature changes (rev. by [109]). But given that change in
water temperatures does not necessarily lead to change in fatty
acids composition [109,110], the precise role of fatty acids in
temperature acclimation remains unclear.
Salinity-driven selection
Three genomic regions presumably affected by salinity-induced
selection were identified in our study. To our knowledge, an
outlier approach has not previously been used to investigate the
genetic basis of salinity tolerance in Atlantic salmon. However,
there have been a number of investigations of this topic in
salmonids and other fish species using alternative approaches. The
effect of varying salinity levels on the RNA expression level of
genes known to be involved in osmoregulation has been studied in
species with varying salinity tolerance [111]. At the intraspecific
level, approaches for studying the genetic basis of salinity tolerance
include differential RNA and protein expression analyses, as well
as QTL studies. These studies have indicated that there are several
important molecular components involved in salinity acclimation
at the population level. These include Na+/K+ ATP-ase
[112,113], pathways involving thyroid hormones [114] and
cortisol [115], as well as molecules involved in intracellular
calcium levels, such as otopetrin 1 [114]. Altogether, more than
100 proteins have been shown to be differentially expressed in a
recent study of fresh- and brackish-water spawning whitefish
[116], emphasising the complexity of salinity-tolerance mecha-
nisms. Along with salinity tolerance, it is tempting to speculate that
smoltification related processes could be the target of differential
selection in studied populations. Land-locked salmon have been
shown to undergo the smoltification process even though there is
no known physiological explanation for it [117]. Moreover, it has
been suggested that the process of smoltification may in fact be a
maladaption in freshwater salmon populations [117], being
therefore a presumably strong selective force acting on them.
Direct comparison of our results with those of RNA and protein
expression studies is difficult due to the currently limited
information regarding the specific genomic locations of the genes
in question in the Atlantic salmon genome. However, a
comparison with studies using a QTL approach is possible. One
of the three regions identified in our study that is presumably
affected by salinity-induced selection (the distal part of the q-arm
Parasite-Driven Evolution in Atlantic Salmon
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of chromosome 9) was also identified by Norman et al., [118], who
used a QTL approach to pinpoint genomic regions involved in
osmoregulation in several salmonid fishes, including Atlantic
salmon. This region has been shown to include the calcium-sensor
receptor, CaSR [118]. This receptor senses the extracellular Ca+
concentration and activates the appropriate intracellular signalling
pathways, acting as an internal salinity sensor [119]. CaSR has
been shown to be upregulated during smoltification in Atlantic
salmon, supporting its importance in osmoregulation [120].
Interestingly, this observation is in strong concordance with the
study of Papakostas et al., [116], where proteins expressed
differentially between fresh- and brackishwater whitefish in
different salinities were shown to be enriched for Gene Ontology
(GO) biological process terms, including calcium ion transport and
calcium channel regulator activity. Thus, based on independent
studies using a variety of approaches, CaSR appears to be a very
strong candidate for involvement in salinity adaptation in
salmonid fishes. Although the remaining two genomic regions
we identified were not identified in the QTL study of Norman et
al., [118], this is perhaps not surprising given that North American
Atlantic salmon were used in their study, as opposed to European
populations in the current study, because the North American and
European lineages are thought to have diverged more than one
million years ago and include differences in chromosome number
[35,121,122].
Functional network analysis suggested that the ‘‘salinity-
selected’’ SNPs detected by design 4 were associated with GO
biological process terms involved in the protein kinase B cascade
and peptidyl-tyrosine phosphorylation (Table S11a), although, as
mentioned above, this analysis has to be interpreted with some
caution. The role of the protein kinase B (PKB) signalling pathway
is not directly evident in relation to osmoregulation and
smoltification given the broad range of processes the pathway is
involved in [123]. Nevertheless, the PKB cascade was shown to be
activated by hyperosmolarity stress [124], suggesting that it plays
role in salinity-mediated stress signalling. When actual genes
associated with the ‘‘salinity’’ group of GO terms are considered,
osmoregulatory function was suggested, e.g., for the Slc9a3r1
(sodium-hydrogen antiporter), which functions in kidney of mice
and controls phosphate and uric acid concentration in urine
output [125,126]. Nonetheless, the very same gene was suggested
to have immune functions as well: the protein it codes is psoriasis
responsible and is implicated in immune synapse formation in T
cells [127]. Notably, other genes associated with ‘‘salinity’’ group
of GO terms also have roles in immune processes. RUVBL1
(contributes to ATP-ase activity) promotes activation of gene
transcription and, when up-regulated, is likely to provoke
functional enhancement of immune cells and the enhancement
of the subsequent immune response involving B cells, T cells and
macrophages [128]. PPP2R1A (serine/threonine-protein phospha-
tase regulatory subunit A) contributes to regulation of cell
autophagy as part of an anti-bacterial response [129], and is
involved in T lymphocytes signaling processes throughout porcine
respiratory syndrome virus infection (rev. by [130]). These results
suggest that presumably ‘‘salinity’’ - affected outliers, identified by
the design 4, might also be due to population differences in
response to G. salaris. The landscape genomic analysis additionally
highlighted that distinguishing between selection acting upon
different environmental factors is not straightforward (see below).
Landscape genomics analysis
The analyses used in our study were designed to provide a
means to tease apart the effects of pathogen driven selection and
other potential selective forces. We considered a simple scenario
where the only environmental characteristic, salinity of the basin
fish migrates to, was taken into consideration. Nevertheless, we
also tested for associations between SNPs allele frequencies and
other varying environmental factors using the LFMM approach.
The number of significant SNPs varied greatly depending on
the environmental characteristic in question. Unsurprisingly, the
greatest number of SNPs (523, of which 328 unique) was
correlated with mortality rate in presence of G. salaris (Figure
S2). When compared to a set of ‘‘parasite’’- influenced ‘‘outlier’’
SNPs derived from design 4, 32 out of 90 outliers were also present
in the set of unique ‘‘mortality’’ LFMM-based SNPs; or 84 SNPs
out of 90 if all 523 LFMM-outliers were considered. The greatest
overlap (124 SNPs) was observed between ‘‘mortality’’ and
‘‘salinity’’ environmental characteristics (Figure S1), indicating
that the effect of these factors cannot be disetangled using the
landscape genomics approach in this study. Therefore, we did not
utilize the ‘‘mortality’’ and ‘‘salinity’’ correlated SNPs in identi-
fying the final genome regions affected by these selective forces.
Nevertheless, they might additionally strengthen some of the
detected regions, where unique LFMM-based outliers duplicate
either ‘‘parasite’’ (chr 10, 23) or ‘‘salinity’’ (chr 6) outliers resulting
from design 4.
A surprisingly low number of SNPs were correlated with water
temperature (6, 2 unique i.e. only correlated with water
temperature and no other variable), given that temperature
regime is often associated with population genetic diversity in
salmonids (rev. by [131]) and other fish species (e.g. herring,
[132]). While adult Atlantic salmon show a great capacity of
temperature acclimation [133], water temperature can affect
population genetic structure through juvenile mortality, since
survival of salmon juveniles greatly depends on water temperature
regimes (rev. by [134]). And since in the current study (as in many
others, e.g. [13]) we used mean sea/lake surface temperature, it is
possible that we have not detected otherwise existing correlations
with river temperature. The other possibility is that for salmon
populations described in this paper, other environmental charac-
teristics, such as landscape features of river systems, might play a
more prominent role than water temperature [134]. Altogether
however, lack of temperature-associated genetic variation is
confirmed by similarly small number of SNPs correlated with
latitude (10, 5 unique) (Figure S2), since water and air
temperatures are closely correlated with latitude. Studies of
Atlantic salmon in Canada, for example, showed that genetic
diversity of MHC genes increases with temperature along a
latitudinal gradient, which was suggested to be in response to
pathogen selective pressure [8]. Somewhat unexpected however, is
the substantial number of SNPs significantly correlated with
longitude (193, 123 unique) (Figure S2).
Conclusion
We identified at least three genomic regions potentially
contributing to G. salaris resistance in Baltic Sea and landlocked
freshwater Atlantic salmon, compared to susceptible salmon from
the Atlantic Ocean. We detected three additional genomic regions
exhibiting signatures of selection that are possibly salinity-related.
These genomic regions are a good starting point for further
research to identify the specific genes contributing to the signals of
directional selection. For instance, targeted sequencing of detected
regions might be a promising approach, especially given that the
Atlantic salmon genome sequence is soon to be publically available
[135]. Although the non-independence of tests remains an issue,
our approach of outlier identification incorporating several outlier
tests based on different assumptions provides encouraging results
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for overcoming challenges related to high population divergence and
environmental selection pressures mimicking the influence of G.
salaris. The validity of the separation of the effects of parasite-driven
vs. salinity-driven selection was, to some extent, supported by a
functional network analysis of GO terms associated with the detected
outliers. Given the unlikeliness that the observed results could be
explained by chance alone, our study highlights the suitability of a
carefully planned multi-testing strategy for whole-genome screens for
signatures of directional selection in natural populations.
Supporting Information
Figure S1 Overlap between SNPs outliers detected by the
landscape genomics analysis for each of the environment
characteristics. Numbers within Euler diagram sectors represent
number of SNPs, shown to be associated with an appropriate
environment characteristic or combination of characteristics.
(TIF)
Figure S2 SNPs outliers based on the landscape geno-
mics analysis results, plotted along the genome. Both all
detected SNPs (orange) and unique SNPs (violet) for each
environmental characteristic are shown as vertical lines plotted
along the genome. For easier comparison of results, global results
based on Designs 1-4 are shown as in Figure 4: vertical coloured
shadings (green) show genomic regions, where two or three regions
detected by kernel-smoothing-based designs overlap; chromosome
numbers are given, chromosomes bearing regions exclusively
containing design 4 ‘‘parasite outliers’’ are marked with red font
colour, and ‘‘salinity outliers’’ - with blue.
(TIF)
File S1 SNP allele frequencies per population.
(XLSX)
Table S1 Gene diversity and observed heterozygosity
per SNP marker and per population.
(XLSX)
Table S2 Pairwise population differentiation as mea-
sured by FST.
(XLSX)
Table S3 Analysis of molecular variance (AMOVA)
results.
(XLSX)
Table S4 Significant genome region/outlier tests re-
sults for each of the 4631 SNPs.
(XLSX)
Table S5 Detailed list of all significant single test
results with design 1, 2 or 3.
(XLSX)
Table S6 Significant genome region/outlier tests from
each design that contributed to the six identified regions
suggested to be affected by "parasite" or "salinity"-
influenced selection.
(XLSX)
Table S7 List of the 2857 SNP loci with a significant
BLAST match and GO annotation.
(XLSX)
Table S8 Significant BLAST match and GO annotation
for the single outlier SNPs identified using Design4 and
landscape genomics analysis.
(XLSX)
Table S9 Results of an enrichment test conducted for
GO terms associated with the "Parasite" and ‘‘Salinity’’
subsets of SNP outliers identified using Design4.
(XLSX)
Table S10 Results of an enrichment test conducted for
GO terms associated with the "Parasite" and ‘‘Salinity’’
subsets of SNP outliers identified using landscape
genomics analysis.
(XLSX)
Table S11 Functional network analysis: comparison of
GO terms associated with "Parasite" and "Salinity" sets
of SNP outliers as identified by Design 4 and landscape
genomics analysis.
(XLSX)
Acknowledgments
We would like to acknowledge Jan Nilsson, Jaakko Erkinaro, Anti
Vasema¨gi, and others involved in field collecting of Atlantic salmon
samples. We are grateful to Shihab Hasan for his input in SNP annotation
process. Special thanks to Matthieu Bruneaux and A. Vasema¨gi, for
valuable contribution to data analysis and interpretation.
Author Contributions
Conceived and designed the experiments: KJZ CRP. Performed the
experiments: MPK SL. Analyzed the data: KJZ CRP. Contributed
reagents/materials/analysis tools: AEV JL. Wrote the paper: KJZ CRP.
Commented on the manuscript: AEV JL MPK SL.
References
1. Duffy MA, Forde SE (2009) Ecological feedbacks and the evolution of
resistance. J Anim Ecol 78: 1106–1112.
2. Eizaguirre C, Lenz TL (2010) Major histocompatibility complex polymor-
phism: dynamics and consequences of parasite-mediated local adaptation in
fishes. J Fish Biol 77: 2023–2047.
3. Adelman JS, Kirkpatrick L, Grodio JL, Hawley DM (2013) House finch
populations differ in early inflammatory signaling and pathogen tolerance at
the peak of Mycoplasma gallisepticum infection. Am Nat 181: 674–689.
4. Schmid-Hempel P (2001) On the evolutionary ecology of host-parasite
interactions: addressing the question with regard to bumblebees and their
parasites. Naturwissenschaften 88: 147–158.
5. Wikelski M, Foufopoulos J, Vargas H, Snell H (2004) Gala´pagos Birds and
Diseases: Invasive Pathogens as Threats for Island Species. Ecol Soc 9.
6. Ra˚berg L, Sim D, Read AF (2007) Disentangling genetic variation for
resistance and tolerance to infectious diseases in animals. Science (80- ) 318:
812–814.
7. Carval D, Ferriere R (2010) A unified model for the coevolution of resistance,
tolerance, and virulence. Evolution 64: 2988–3009.
8. Dionne M, Miller KM, Dodson JJ, Caron F, Bernatchez L (2007) Clinal
variation in MHC diversity with temperature: evidence for the role of host-
pathogen interaction on local adaptation in Atlantic salmon. Evolution 61:
2154–2164.
9. Jonsson B, Jonsson N (2009) A review of the likely effects of climate change on
anadromous Atlantic salmon Salmo salar and brown trout Salmo trutta, with
particular reference to water temperature and flow. J Fish Biol 75: 2381–2447.
10. Bernatchez L, Landry C (2003) MHC studies in nonmodel vertebrates: what
have we learned about natural selection in 15 years? J Evol Biol 16: 363–377.
11. Piertney SB, Oliver MK (2006) The evolutionary ecology of the major
histocompatibility complex. Heredity (Edinb) 96: 7–21.
12. Acevedo-Whitehouse K, Cunningham AA (2006) Is MHC enough for
understanding wildlife immunogenetics? TRENDS Ecol Evol 21: 433–438.
13. Tonteri A, Vasema¨gi A, Lumme J, Primmer CR (2010) Beyond MHC: signals
of elevated selection pressure on Atlantic salmon (Salmo salar) immune-
relevant loci. Mol Ecol 19: 1273–1282.
14. Nielsen R, Williamson S, Kim Y, Hubisz MJ, Clark AG, et al. (2005) Genomic
scans for selective sweeps using SNP data. Genome Res 15: 1566–1575.
15. Rokas A, Abbot P (2009) Harnessing genomics for evolutionary insights.
Trends Ecol Evol 24: 192–200.
Parasite-Driven Evolution in Atlantic Salmon
PLOS ONE | www.plosone.org 13 March 2014 | Volume 9 | Issue 3 | e91672
16. Piertney SB, Webster LMI (2010) Characterising functionally important and
ecologically meaningful genetic diversity using a candidate gene approach.
Genetica 138: 419–432.
17. Lohm J, Grahn M, Langefors A, Andersen Ø, Storset A, et al. (2002)
Experimental evidence for major histocompatibility complex-allele-specific
resistance to a bacterial infection. Proc R Soc Lond 269: 2029–2033.
18. Houston RD, Haley CS, Hamilton A, Guy DR, Mota-Velasco JC, et al. (2010)
The susceptibility of Atlantic salmon fry to freshwater infectious pancreatic
necrosis is largely explained by a major QTL. Heredity (Edinb) 105: 318–327.
19. Houston RD, Haley CS, Hamilton A, Guy DR, Tinch AE, et al. (2008) Major
quantitative trait loci affect resistance to infectious pancreatic necrosis in
Atlantic salmon (Salmo salar). Genetics 178: 1109–1115.
20. Moen T, Baranski M, Sonesson AK, Kjøglum S (2009) Confirmation and fine-
mapping of a major QTL for resistance to infectious pancreatic necrosis in
Atlantic salmon (Salmo salar): population-level associations between markers
and trait. BMC Genomics 10: 368.
21. Grimholt U, Larsen S, Nordmo R, Midtlyng P, Kjoeglum S, et al. (2003) MHC
polymorphism and disease resistance in Atlantic salmon (Salmo salar); facing
pathogens with single expressed major histocompatibility class I and class II
loci. Immunogenetics 55: 210–219.
22. Kjøglum S, Larsen S, Bakke HG, Grimholt U (2006) How specific MHC class I
and class II combinations affect disease resistance against infectious salmon
anaemia in Atlantic salmon (Salmo salar). Fish Shellfish Immunol 21: 431–441.
23. Langefors A, Lohm J, Grahn M, Andersen O, von Schantz T (2001)
Association between major histocompatibility complex class IIB alleles and
resistance to Aeromonas salmonicida in Atlantic salmon. Proc R Soc L 268:
479–485.
24. Dionne M, Miller KM, Dodson JJ, Bernatchez L (2009) MHC standing genetic
variation and pathogen resistance in wild Atlantic salmon. Philos Trans R Soc
Lond B Biol Sci 364: 1555–1565.
25. Ewart K V, Belanger JC, Williams J, Karakach T, Penny S, et al. (2005)
Identification of genes differentially expressed in Atlantic salmon (Salmo salar)
in response to infection by Aeromonas salmonicida using cDNA microarray
technology. Dev Comp Immunol 29: 333–347.
26. Roberge C, Pa´ez DJ, Rossignol O, Guderley H, Dodson J, et al. (2007)
Genome-wide survey of the gene expression response to saprolegniasis in
Atlantic salmon. Mol iImmunology 44: 1374–1383.
27. Rise ML, Jones SRM, Brown GD, von Schalburg KR, Davidson WS, et al.
(2004) Microarray analyses identify molecular biomarkers of Atlantic salmon
macrophage and hematopoietic kidney response to Piscirickettsia salmonis
infection. Physiol Genomics 20: 21–35.
28. Harris PD, Bachmann L, Bakke TA (2011) The Parasites and Pathogens of
Atlantic Salmon: Lessons from Gyrodactylus salaris. Atlantic Salmon Ecology.
Wiley-Blackwell.
29. Johnsen BO, Jensen AJ (1991) The Gyrodactylus story in Norway. Aquaculture
98: 289–302.
30. Kuusela J, Holopainen R, Meinila¨ M, Anttila P, Koski P, et al. (2009) Clonal
structure of salmon parasite Gyrodactylus salaris on a coevolutionary gradient
on Fennoscandian salmon ( Salmo salar ). Ann Zool Fenn 46: 21–33.
31. Bakke TA, Jansen PA, Hansen LP (1990) Differences in the host resistance of
Atlantic salmon. Salmo salar L., stocks to the monogenean Gyrodactylus salaris
Malmberg, 1957. J Fish Biol 37: 577–587.
32. Bjo¨rck S (1995) A Review of the history of the Baltic Sea, 13.0–8.0 ka BP. Quat
Iternational 27: 19–40.
33. Saarnisto M, Saarinen T (2001) Deglaciation chronology of the Scandinavian
Ice Sheet from the Lake Onega Basin to the Salpausselka¨ End Moraines. Glob
Planet Change 31: 387–405.
34. Kazakov RV, Titov SF (1991) Geographical patterns in the population genetics
of Atlantic salmon, Salmo salar L., on U.S.S.R. territory, as evidence for
colonization routes. J Fish Biol 39: 1–6.
35. Nilsson J, Gross R, Asplund T, Dove O, Jansson H, et al. (2001) Matrilinear
phylogeography of Atlantic salmon (Salmo salar L.) in Europe and postglacial
colonization of the Baltic Sea area. Mol Ecol 10: 89–102.
36. Tonteri A, Titov S, Veselov A, Zubchenko A, Koskinen MT, et al. (2005)
Phylogeography of anadromous and non-anadromous Atlantic salmon (Salmo
salar) from northern Europe. Ann Zool Fenn 41: 1–22.
37. Bourret V, Kent MP, Primmer CR, Vasema¨gi A, Karlsson S, et al. (2013) SNP-
array reveals genome-wide patterns of geographical and potential adaptive
divergence across the natural range of Atlantic salmon (Salmo salar). Mol Ecol
22: 532–551.
38. Lien S, Gidskehaug L, Moen T, Hayes BJ, Berg PR, et al. (2011) A dense SNP-
based linkage map for Atlantic salmon (Salmo salar) reveals extended
chromosome homeologies and striking differences in sex-specific recombination
patterns. BMC Genomics 12: 615.
39. Smith JM, Haigh J (1974) The hitch-hiking effect of a favourable gene. Genet
Res 23: 23–35.
40. Nielsen R (2005) Molecular signatures of natural selection. Annu Rev Genet
39: 197–218.
41. Excoffier L, Hofer T, Foll M (2009) Detecting loci under selection in a
hierarchically structured population. Heredity (Edinb) 103: 285–298.
42. Whiteley AR, Bhat A, Martins EP, Mayden RL (2011) Population genomics of
wild and laboratory zebrafish ( Danio rerio ). Mol Ecol 20: 4259–4276.
43. Hohenlohe PA, Bassham S, Etter PD, Stiffler N, Johnson EA, et al. (2010)
Population genomics of parallel adaptation in threespine stickleback using
sequenced RAD tags. PLoS Genet 6: e1000862.
44. Vaysse A, Ratnakumar A, Derrien T, Axelsson E, Rosengren Pielberg G, et al.
(2011) Identification of genomic regions associated with phenotypic variation
between dog breeds using selection mapping. PLoS Genet 7: e1002316.
45. Oleksyk TK, Zhao K, De La Vega FM, Gilbert DA, O’Brien SJ, et al. (2008)
Identifying selected regions from heterozygosity and divergence using a light-
coverage genomic dataset from two human populations. PLoS One 3: e1712.
46. Oleksyk TK, Smith MW, O’Brien SJ (2010) Genome-wide scans for footprints
of natural selection. Phil Trans R Soc B 365: 185–205.
47. Ozerov MY, Veselov AJ, Lumme J, Primmer CR (2010) Genetic structure of
freshwater Atlantic salmon (Salmo salar L.) populations from the lakes Onega
and Ladoga of northwest Russia and implications for conservation. Conserv
Genet 11: 1711–1724.
48. Schlo¨tterer C (2003) Hitchhiking mapping - functional genomics from the
population genetics perspective. Trends Genet 19: 32–38.
49. Aljanabi SM, Martinez I (1997) Universal and rapid salt-extraction of high
quality genomic DNA for PCR-based techniques. Nucleic Acids Res 25: 4692–
4693.
50. Elphinstone MS, Hinten GN, Anderson MJ, Nock CJ (2003) An inexpensive
and high-throughput procedure to extract and purify total genomic DNA for
population studies. Mol Ecol Notes 3: 317–320.
51. Purcell S, Neale B, Todd-Brown K, Thomas L, Ferreira MAR, et al. (2007)
PLINK: a tool set for whole-genome association and population-based linkage
analyses. Am J Hum Genet 81: 559–575.
52. Tonteri A, Veselov AJ, Zubchenko AV, Lumme J, Primmer CR (2009)
Microsatellites reveal clear genetic boundaries among Atlantic salmon (Salmo
salar) populations from the Barents and White seas, northwest Russia. Can J
Fish Aquat Sci 66: 717–735.
53. Liu K, Muse SV (2005) PowerMarker: an integrated analysis environment for
genetic marker analysis. Bioinformatics 21: 2128–2129.
54. Excoffier L, Lischer HEL (2010) Arlequin suite ver 3.5: a new series of
programs to perform population genetics analyses under Linux and Windows.
Mol Ecol Resour 10: 564–567.
55. Weir BS, Cockerham CC (1984) Estimating F-Statistics for the Analysis of
Population Structure. Evolution (N Y) 38: 1358–1370.
56. Wand MP, Jones MC (1995) Kernel smoothing. Monographs on Statistics and
Applied Probability. London: Chapman&Hall.
57. Frichot E, Schoville SD, Bouchard G, Franc¸ois O (2013) Testing for
Associations between Loci and Environmental Gradients Using Latent Factor
Mixed Models. Mol Biol Evol 30: 1687–1699.
58. Hubisz MJ, Falush D, Stephens M, Pritchard JK (2009) Inferring weak
population structure with the assistance of sample group information. Mol Ecol
Resour 9: 1322–1332.
59. Shannon P, Markiel A, Ozier O, Baliga NS, Wang JT, et al. (2003) Cytoscape:
a software environment for integrated models of biomolecular interaction
networks. Genome Res 13: 2498–2504.
60. Maere S, Heymans K, Kuiper M (2005) BiNGO: a Cytoscape plugin to assess
overrepresentation of gene ontology categories in biological networks.
Bioinformatics 21: 3448–3449.
61. Bindea G, Mlecnik B, Hackl H, Charoentong P, Tosolini M, et al. (2009)
ClueGO: a Cytoscape plug-in to decipher functionally grouped gene ontology
and pathway annotation networks. Bioinformatics 25: 1091–1093.
62. Papakostas S, Vøllestad LA, Primmer CR, Leder EH (2010) Proteomic
Profiling of Early Life Stages of European Grayling (Thymallus thymallus). J
Proteome Res 9: 4790–4800.
63. Vasema¨gi A, Nilsson J, Primmer CR (2005) Expressed sequence tag-linked
microsatellites as a source of gene-associated polymorphisms for detecting
signatures of divergent selection in atlantic salmon (Salmo salar L.). Mol Biol
Evol 22: 1067–1076.
64. Vasema¨gi A, Nilsson J, McGinnity P, Cross T, O’Reilly P, et al. (2012) Screen
for Footprints of Selection during Domestication/Captive Breeding of Atlantic
Salmon. Comp Funct Genomics 2012: 628204.
65. Ma¨kinen HS, Cano JM, Merila¨ J (2008) Identifying footprints of directional
and balancing selection in marine and freshwater three-spined stickleback
(Gasterosteus aculeatus) populations. Mol Ecol 17: 3565–3582.
66. Pavlidis P, Jensen JD, Stephan W, Stamatakis A (2012) A critical assessment of
storytelling: gene ontology categories and the importance of validating genomic
scans. Mol Biol Evol 29: 3237–3248.
67. Bierne N, Welch J, Loire E, Bonhomme F, David P (2011) The coupling
hypothesis: why genome scans may fail to map local adaptation genes. Mol
Ecol 20: 2044–2072.
68. Jolley KA, Wilson DJ, Kriz P, McVean G, Maiden MCJ (2005) The influence
of mutation, recombination, population history, and selection on patterns of
genetic diversity in Neisseria meningitidis. Mol Biol Evol 22: 562–569.
69. Cutter AD, Payseur BA (2013) Genomic signatures of selection at linked sites:
unifying the disparity among species. Nat Rev Genet 14: 262–274.
70. Tsoi SCM, Ewart K V, Penny S, Melville K, Liebscher RS, et al. (2004)
Identification of Immune-Relevant Genes from Atlantic salmon using
Suppressive Subtractive Hybridisation. Mar Biotechnol 6: 199–214.
71. Matejusova´ I, Felix B, Sorsa-Leslie T, Gilbey J, Noble LR, et al. (2006) Gene
expression profiles of some immune relevant genes from skin of susceptible and
responding Atlantic salmon (Salmo salar L.) infected with Gyrodactylus salaris
Parasite-Driven Evolution in Atlantic Salmon
PLOS ONE | www.plosone.org 14 March 2014 | Volume 9 | Issue 3 | e91672
(Monogenea) revealed by suppressive subtractive hybridisation. Int J Parasitol
36: 1175–1183.
72. Gilbey J, Verspoor E, Mo TA, Sterud E, Olstad K, et al. (2006) Identification
of genetic markers associated with Gyrodactylus salaris resistance in Atlantic
salmon Salmo salar. Dis Aquat Organ 71: 119–129.
73. Gilbey J, Verspoor E, McLay A, Houlihan D (2004) A microsatellite linkage
map for Atlantic salmon (Salmo salar). Anim Genet 35: 98–105.
74. Hedrick PW (2005) A standardized genetic differentiation measure. Evolution
59: 1633–1638.
75. Beaumont MA, Balding DJ (2004) Identifying adaptive genetic divergence
among populations from genome scans. Mol Ecol 13: 969–980.
76. Hughes A, Yeager M (1998) Natural selection at major histocompatibility
complex loci of vertebrates. Annu Rev Genet 32: 415–435.
77. Kijas JW, Lenstra JA, Hayes B, Boitard S, Porto Neto LR, et al. (2012)
Genome-wide analysis of the world’s sheep breeds reveals high levels of historic
mixture and strong recent selection. PLoS Biol 10: e1001258.
78. Sutton JT, Nakagawa S, Robertson BC, Jamieson IG (2011) Disentangling the
roles of natural selection and genetic drift in shaping variation at MHC
immunity genes. Mol Ecol 20: 4408–4420.
79. Teacher AGF, Garner TWJ, Nichols RA (2009) Evidence for directional
selection at a novel major histocompatibility class I marker in wild common
frogs (Rana temporaria) exposed to a viral pathogen (Ranavirus). PLoS One 4:
e4616.
80. Schlenke TA, Begun DJ (2003) Natural selection drives drosophila immune
system evolution. Genetics 164: 1471–1480.
81. Buckling A, Rainey PB (2002) The role of parasites in sympatric and allopatric
host diversification. Nature 420: 496–499.
82. Primmer CR, Papakostas S, Leder EH, Davis MJ, Ragan MA (2013)
Annotated genes and nonannotated genomes: cross-species use of Gene
Ontology in ecology and evolution research. Mol Ecol: 3216–3241.
83. Anderson P, Kedersha N (2008) Stress granules: the Tao of RNA triage.
Trends Biochem Sci 33: 141–150.
84. Miyamoto S, Patel P, Hershey JWB (2005) Changes in ribosomal binding
activity of eIF3 correlate with increased translation rates during activation of T
lymphocytes. J Biol Chem 280: 28251–28264.
85. Matsumoto M, Oyamada K, Takahashi H, Sato T, Hatakeyama S, et al. (2009)
Large-scale proteomic analysis of tyrosine-phosphorylation induced by T-cell
receptor or B-cell receptor activation reveals new signaling pathways.
Proteomics 9: 3549–3563.
86. Ja¨ger S, Cimermancic P, Gulbahce N, Johnson JR, McGovern KE, et al. (2012)
Global landscape of HIV-human protein complexes. Nature 481: 365–370.
87. Sun C, Querol-Audı´ J, Mortimer SA, Arias-Palomo E, Doudna JA, et al. (2013)
Two RNA-binding motifs in eIF3 direct HCV IRES-dependent translation.
Nucleic Acids Res 41: 7512–7521.
88. Nakanishi T, Fischer U, Dijkstra JM, Hasegawa S, Somamoto T, et al. (2002)
Cytotoxic T cell function in fish. Dev Comp Immunol 26: 131–139.
89. Zhou C, Arslan F, Wee S, Krishnan S, Ivanov AR, et al. (2005) PCI proteins
eIF3e and eIF3m define distinct translation initiation factor 3 complexes. BMC
Biol 3: 14.
90. Bandyopadhyay A, Lakshmanan V, Matsumoto T, Chang EC, Maitra U
(2002) Moe1 and spInt6, the fission yeast homologues of mammalian
translation initiation factor 3 subunits p66 (eIF3d) and p48 (eIF3e), respectively,
are required for stable association of eIF3 subunits. J Biol Chem 277: 2360–
2367.
91. Liska AJ, Shevchenko A, Pick U, Katz A (2004) Enhanced Photosynthesis and
Redox Energy Production Contribute to Salinity Tolerance in Dunaliella as
Revealed by Homology-Based Proteomics 1. 136: 2806–2817.
92. Zhao HX, Li Q, Li G, Du Y (2012) Differential gene expression in response to
cold stress in Lepidium apetalum during seedling emergence. Biol Plant 56: 64–
70.
93. Asp E, Nilsson D, Sunnerhagen P (2008) Fission yeast mitogen-activated
protein kinase Sty1 interacts with translation factors. Eukaryot Cell 7: 328–338.
94. Hinnebusch AG (2006) eIF3: a versatile scaffold for translation initiation
complexes. Trends Biochem Sci 31: 553–562.
95. Calder PC (2001) Polyunsaturated fatty acids, inflammation, and immunity.
Lipids 36: 1007–1024.
96. Harbige LS (2003) Fatty acids, the immune response, and autoimmunity: a
question of n-6 essentiality and the balance between n-6 and n-3. Lipids 38:
323–341.
97. Carballeira NM (2008) New advances in fatty acids as antimalarial,
antimycobacterial and antifungal agents. Prog Lipid Res 47: 50–61.
98. Pompe´ia C, Lopes LR, Miyasaka CK, Proco´pio J, Sannomiya P, et al. (2000)
Effect of fatty acids on leukocyte function. Braz J Med Biol Res 33: 1255–1268.
99. Thies F, Miles EA, Nebe-von-caron G, Powell JR (2001) Influence of Dietary
Supplementation with Long-Chain n-3 or n-6 Polyunsaturated Fatty Acids on
Blood Inflammatory Cell Populations and Functions and. 36.
100. Calder PC (1998) Immunoregulatory and anti-inflammatory effects of n-3
polyunsaturated fatty acids. Braz J Med Biol Res 31: 467–490.
101. Anderson M, Fritsche KL (2002) (n-3) Fatty acids and infectious disease
resistance. J Nutr 132: 3566–3576.
102. Kania PW, Evensen O, Larsen TB, Buchmann K (2010) Molecular and
immunohistochemical studies on epidermal responses in Atlantic salmon Salmo
salar L. induced by Gyrodactylus salaris Malmberg, 1957. J Helminthol 84:
166–172.
103. Lindenstrom T, Sigh J, Dalgaard MB, Buchmann K (2006) Skin expression of
IL-1b in East Atlantic salmon, Salmo salar L., highly susceptible to
Gyrodactylus salaris infection is enhanced compared to a low susceptibility
Baltic stock. J Fish Dis 29: 123–128.
104. Tielens AG, van Hellemond JJ (2006) 20 unusial aspects of methabolism in
flatworm parasites. Parasitic flatworms: Molecular biology, biochemistry,
immunology and physiology. CABI Publisher.
105. Van Anholt RD, Spanings FAT, Nixon O, Wendelaar Bonga SE, Koven WM
(2012) The effects of arachidonic acid on the endocrine and osmoregulatory
response of tilapia (Oreochromis mossambicus) acclimated to seawater and
subjected to confinement stress. Fish Physiol Biochem 38: 703–713.
106. Imen R, Khaoula T, Nabila G, Imene C, Douha B, et al. (2013) Time course of
changes in fatty acid composition in the osmoregulatory organs of the thicklip
grey mullet (Chelon labrosus) during acclimation to low salinity. Mar Freshw
Behav Physiol 46: 59–73.
107. Khe´riji S, El Cafsi M, Masmoudi W, Castell JD, Romdhane MS (2003) Salinity
and Temperature Effects on the Lipid Composition of Mullet Sea Fry (Mugil
cephalus, Linne, 1758). Aquac Int 11: 571–582.
108. Tseng Y-C, Hwang P-P (2008) Some insights into energy metabolism for
osmoregulation in fish. Comp Biochem Physiol C Toxicol Pharmacol 148:
419–429.
109. Staurnes M, Rainuzzo JR, Sigholt T (1994) Acclimation of Atlantic cod (Gadus
morhua) to cold water: stress response, osmoregulation, gill lipid composition
and gill Na-K-ATPase activity. 109: 413–421.
110. Gonzalez-Cabrera PJ, Dowd F, Pedibhotla VK, Rosario R, Stanley-Samuelson
D, et al. (1995) Enhanced hypo-osmoregulation induced by warm-acclimation
in antarctic fish is mediated by increased gill and kidney Na+/K(+)-ATPase
activities. J Exp Biol 198: 2279–2291.
111. Bystriansky JS, Richards JG, Schulte PM, Ballantyne JS (2006) Reciprocal
expression of gill Na+/K+- ATPase a -subunit isoforms a1a and a1b during
seawater acclimation of three salmonid fishes that vary in their salinity
tolerance: 1848–1858.
112. Larsen PF, Nielsen EE, Koed A, Thomsen DS, Olsvik PA, et al. (2008)
Interpopulation differences in expression of candidate genes for salinity
tolerance in winter migrating anadromous brown trout (Salmo trutta L.).
BMC Genet 9: 12.
113. Norman JD, Danzmann RG, Glebe B, Ferguson MM (2011) The genetic basis
of salinity tolerance traits in Arctic charr (Salvelinus alpinus). BMC Genet 12:
81.
114. Whitehead A, Roach JL, Zhang S, Galvez F (2012) Salinity- and population-
dependent genome regulatory response during osmotic acclimation in the
killifish (Fundulus heteroclitus) gill. J Exp Biol 215: 1293–1305.
115. Le Bras Y, Dechamp N, Krieg F, Filangi O, Guyomard R, et al. (2011)
Detection of QTL with effects on osmoregulation capacities in the rainbow
trout (Oncorhynchus mykiss). BMC Genet 12: 46.
116. Papakostas S, Vasema¨gi A, Va¨ha¨ J-P, Himberg M, Peil L, et al. (2012) A
proteomics approach reveals divergent molecular responses to salinity in
populations of European whitefish (Coregonus lavaretus). Mol Ecol 21: 3516–
3530.
117. Kiiskinen P, Huuskonen H, Hyva¨rinen H, Piironen J (2003) Effects of
daylength and winter fasting on growth and smolting of one-year-old Saimaa
landlocked salmon (Salmo salar m. sebago Girard) under fish farm conditions.
Ann Zool Fenn 40: 441–458.
118. Norman JD, Robinson M, Glebe B, Ferguson MM, Danzmann RG (2012)
Genomic arrangement of salinity tolerance QTLs in salmonids: A comparative
analysis of Atlantic salmon (Salmo salar) with Arctic charr (Salvelinus alpinus)
and rainbow trout (Oncorhynchus mykiss). BMC Genomics 13: 420.
119. Chang W, Shoback D (2004) Extracellular Ca2+-sensing receptors—an
overview. Cell Calcium 35: 183–196.
120. Nearing J, Betka M, Quinn S, Hentschel H, Elger M, et al. (2002) Polyvalent
cation receptor proteins (CaRs) are salinity sensors in fish. Proc Natl Acad Sci
U S A 99: 9231–9236.
121. Hartley SE, Horne MT (1984) Chromosome polymorphism and constitutive
heterochromatin in the Atlantic salmon, Salmo salar. 89: 377–380.
122. Brenna-Hansen S, Li J, Kent MP, Boulding EG, Dominik S, et al. (2012)
Chromosomal differences between European and North American Atlantic
salmon discovered by linkage mapping and supported by fluorescence in situ
hybridization analysis. BMC Genomics 13: 432.
123. Brazil DP, Hemmings BA (2001) Ten years of protein kinase B signalling: a
hard Akt to follow. Trends Biochem Sci 26: 657–664.
124. Konishi H, Matsuzaki H, Tanaka M, Ono Y, Tokunaga C, et al. (1996)
Activation of RAC-protein kinase by heat shock and hyperosmolarity stress
through a pathway independent of phosphatidyllinositol 3-kinase. 93: 7639–
7643.
125. Weinman EJ, Mohanlal V, Stoycheff N, Wang F, Steplock D, et al. (2006)
Longitudinal study of urinary excretion of phosphate, calcium, and uric acid in
mutant NHERF-1 null mice. 21202: 838–843.
126. Cunningham R, Brazie M, Kanumuru S, E X, Biswas R, et al. (2007) Sodium-
hydrogen exchanger regulatory factor-1 interacts with mouse urate transporter
1 to regulate renal proximal tubule uric acid transport. J Am Soc Nephrol 18:
1419–1425.
127. Helms C, Cao L, Krueger JG, Wijsman EM, Chamian F, et al. (2003) A
putative RUNX1 binding site variant between SLC9A3R1 and NAT9 is
associated with susceptibility to psoriasis. Nat Genet 35: 349–356.
Parasite-Driven Evolution in Atlantic Salmon
PLOS ONE | www.plosone.org 15 March 2014 | Volume 9 | Issue 3 | e91672
128. Liu L, Zhang Y, Wang J, Zhao H, Jiang L, et al. (2013) Study of the integrated
immune response induced by an inactivated EV71 vaccine. PLoS One 8:
e54451.
129. Homer CR, Kabi A, Marina-Garcı´a N, Sreekumar A, Nesvizhskii AI, et al.
(2012) A dual role for receptor-interacting protein kinase 2 (RIP2) kinase
activity in nucleotide-binding oligomerization domain 2 (NOD2)-dependent
autophagy. J Biol Chem 287: 25565–25576.
130. Wysocki M, Chen H, Steibel JP, Kuhar D, Petry D, et al. (2012) Identifying
putative candidate genes and pathways involved in immune responses to
porcine reproductive and respiratory syndrome virus (PRRSV) infection. Anim
Genet 43: 328–332.
131. Olsen JB, Crane PA, Flannery BG, Dunmall K, Templin WD, et al. (2010)
Comparative landscape genetic analysis of three Pacific salmon species from
subarctic North America. Conserv Genet 12: 223–241.
132. Jørgensen HBH, Hansen MM, Bekkevold D, Ruzzante DE, Loeschcke V
(2005) Marine landscapes and population genetic structure of herring (Clupea
harengus L.) in the Baltic Sea. Mol Ecol 14: 3219–3234.
133. Elliot JM (1991) Tolerance and resistance to thermal stress in juvenile Atlantic
salmon, Salmo salar. Freshw Biol 25: 61–70.
134. Armstrong JD, Kemp PS, Kennedy GJA, Ladle M, Milner NJ (2003) Habitat
requirements of Atlantic salmon and brown trout in rivers and streams. Fish
Res 62: 143–170.
135. Davidson WS, Koop BF, Jones SJM, Iturra P, Vidal R, et al. (2010) Sequencing
the genome of the Atlantic salmon (Salmo salar). Genome Biol 11: 403.
Parasite-Driven Evolution in Atlantic Salmon
PLOS ONE | www.plosone.org 16 March 2014 | Volume 9 | Issue 3 | e91672
